In this paper, we build a preliminary inventory of dissolved phase water emissions of 36 of the 45 chemical priority substances under the European Union's Water Framework Directive. For point sources, we consider the European Pollutant Release and Transfer Register (E-PRTR) containing reported emissions from major industrial facilities. We consider all other sources as diffuse, and we estimate European average chemical emission factors from available measurements of dissolved phase concentrations, assuming simple emission patterns such as population and agricultural land. The emission inventory enables modelling concentrations, which have been compared with independent measurements. Due to the way they are estimated, they cannot withstand a point-by-point comparison. However, predicted concentrations exhibit a frequency distribution and order of magnitude compatible with observations, and match a fair proportion of independently reported exceedances of environmental quality standards for many of the substances studied. While apparently a preliminary picture based on crude simplifications, our representation suggests that simple drivers such as population and agriculture are useful to describe chemical pollution at European scale. From our preliminary inventory, E-PRTR industrial point emissions seem to account for a relatively small share of total emissions. Consequently, apart from specific measures such as upgrades to urban wastewater treatment plants in certain high impact areas, the management of priority substances may require a more strategic approach to emission control, addressing chemical use across sectors and the management of out-phased, legacy
H I G H L I G H T S
• Emissions of 36 priority water pollutants in Europe estimated from monitoring data by inverse modelling; • Estimates reasonably match observations, suggesting emissions may, as a first approximation, be assumed uniform in the EU; • Large industrial point source emissions generally important at a local level, but diffuse emissions dominate elsewhere; • The paper demonstrates the feasibility of emission inventorying at continental scale • More targeted monitoring needed to better understand emission patterns, hence to plan river basin management measures.
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Introduction
Chemical water pollution is a key issue in river basin management. In the European Union (EU), the Water Framework Directive (WFD) 60/2000/EC contains inter alia provisions for the identification of priority substances (PS) to be addressed at EU level. These were initially identified by Directive 2008/105/EC, and the initial list was modified by Directive 2013/39/EU to include 45 substances. EU Member States are required to monitor PS, and identify water bodies at risk of exceeding environmental quality standards (EQS). In order to identify which PS may be tackled through appropriate river basin management measures, and dispose of a benchmark to evaluate progress on pollution control, EU Member States must also develop emission inventories of PS. However, 10 years after the entry into force of Directive 2008/105/ EC, emission inventorying is still rather heterogeneous and far from complete across the EU, with few inventories officially adopted or publicly accessible. The only inventory available at European level is the European Pollutant Release and Transfer Register (E-PRTR) provided for by Regulation (EC) No 166/2006, 1 covering major industrial installations. However, the E-PRTR does not include diffuse emissions except for metals, fluoranthene and anthracene. EU Member States report emissions to the Water Information System for Europe (WISE: https:// water.europa.eu/), but the information currently available shows limited quality, completeness and homogeneity. The difficulties in producing emission inventories owe in part to the complexity of the factors controlling the release and environmental fate of chemicals: the use pattern and intensity of chemicals still in use, the environmental stockpiles of legacy chemicals, and the atmospheric long range transport of persistent multimedia substances are only poorly, if ever, known. Moreover, a chemical may undergo substantially different retention and elimination in wastewater treatment plants depending on their design and operation, or in soils or riverine ecosystems depending on their residence time, organic matter content and other landscape and climate parameters (Hollander et al., 2009 ). In the estimation of emissions, it may be practical to distinguish point from diffuse source emissions. The former are associated to a single and well identified responsible, individually reported in dedicated registers, while the latter are by definition associated to an area without knowing their exact location therein.
In this paper we consider as point emissions only those in the E-PRTR, and we describe a first attempt at quantifying diffuse emissions of PS based on the information available at European scale, using as simple a model as possible and capitalizing on the available measurements of PS collected in a pan-European repository (IPCheM) as described in Section 2. We first use observed concentrations to back-calculate emission factors of several PS, and then use these emission factors to estimate PS loads and concentrations. After comparing our estimates of emissions with those reported by EU Member States whenever available, and our computed concentrations with independent observations, we discuss the strengths and limitations of the approach, and draw recommendations towards advancing large scale chemical emission inventories.
Materials and methods
Although measured concentrations should be in principle related to emissions of a chemical substance in the upstream catchment, estimating diffuse emissions from concentrations requires several assumptions which may seldom hold strictly true. In this work, we start from the simplest possible assumption: emissions are (1) constant in time, and (2) homogeneous across the EU, being only proportional to the intensity of human activities, described by the simple proxies of population (for household and industrial chemicals) and agricultural land (for agrochemicals). We refer to the spatial distribution of population or agricultural land as "emission patterns".
The assumption of emissions constant in time may be apparently inappropriate for chemicals with clear occasional use (e.g. pesticides), and also emissions from relatively steady sources always show fluctuations in time.
The assumption of emission homogeneity across the EU ignores the impact of different agricultural practices, lifestyles and economic activities on the use of chemicals that can be found across the continent, besides the specificities of landscape, climate and infrastructure.
Although the impact of the errors introduced with these assumptions is difficult to quantify, we may anticipate that the estimates they underpin will be necessarily affected by large uncertainties.
However, although apparently simplistic, these assumptions may not be more questionable than more sophisticated alternatives in the absence of conclusive evidence on the spatiotemporal distribution of emissions hence, following the Ockham's razor principle, they do not appear to be an unreasonable starting point to help better understanding what we actually know of emissions of PS in Europe, and how we could bridge knowledge gaps towards pan-European emission inventories.
Back-calculation of emission factors
Following the approach extensively presented in Pistocchi and Marinov, 2014a , for the generic J th chemical, we assume the diffuse emission intensity at any point (ξ, η) in space to be:
where EP(ξ, η) is the value of an assumed and known emission pattern at the generic point (ξ, η),and ε J the chemical's emission factor. Moreover, we assume emissions to be stationary in time, and the travel time of water across a river basin to be constant and known. The load of the chemical at a river cross section (x,y) is then (Pistocchi and Marinov, 2014b, pp. 413-415) :
where A(x,y) is the drainage area of river section (x,y), t(ξ, η) is the water time of travel from point (ξ, η) to river section (x,y) and DT50 J is the overall dissipation half-life of the chemical. DT50 J and ε J are the two model parameters that must be calibrated once EP(ξ, η) and t(ξ, η) are given. Let us now consider a set of observed loads of the chemical at a number of cross sections of a river network, where the influence of point source emissions can be neglected. If the abovementioned assumptions are acceptable, observed loads should be reasonably correlated to the load proxy defined as (Pistocchi and Marinov, 2014a; Pistocchi et al., 2012) :
If we compute the load proxy Φ(x, y) for different emission patterns and different values of DT50, we can compare each case with the observed loads. An ideal load proxy would explain 100% of the variance of observed loads, and the corresponding best fit linear model would have a zero intercept, meaning no load is observed when the proxy is null. In this case, the slope of the best fit linear model would be an appropriate estimate of the emission factor, and the corresponding DT50 would be expected to represent the overall dissipation half-life of the chemical.
For a pan-European assessment, we first estimate the water travel time on the basis of the European CCM2 synthetic stream network derived from the SRTM digital elevation model at a resolution of 100 m (Vogt et al., 2007) , corresponding to sub-basins with an average size of about 7 km 2 . We use the hydraulic geometry equations proposed by Pistocchi and Pennington, 2006 , for the European stream network, taking as annual average discharge the average for the period 2005-2013 simulated with the LISFLOOD model (Burek et al., 2013) calibrated for Europe (Bisselink et al., 2018) . The travel time through lakes and reservoirs is taken from the HydroLakes dataset (Messager et al., 2016) .
As an emission pattern we used human population and agricultural area. Population was derived from the HYDE database (Klein Goldewijk and Van Drecht, 2006) for the year 2000, while agricultural land was derived from the Corine Land Cover 2012 dataset (https://land.copernicus. eu/pan-european/corine-land-cover/clc-2012). For comparison, we also considered emission patterns of human population connected to a wastewater treatment plant, and livestock density, as estimated by Bouraoui et al., 2009 . For each emission pattern, we computed a load proxy for DT50 values of 1, 3, 5, 7, 10, 20, 50, 100 and 1000 days. This corresponds to a total of 36 load proxies, one for each combination of one of the four emission patterns and one of the nine values of DT50. Load proxies have the same units of measurement as the corresponding emission pattern (e.g. persons, km 2 of agricultural land, etc. Table 1 . Chemical loads were estimated from concentrations and river water flow at all IPCheM sampling points. First of all, for each river segment in the CCM2 stream network, we estimated the daily water discharge for the date of each sample from a time series of 5-km gridded simulated discharges obtained from LISFLOOD. Then, IPCheM sampling points were also associated to the nearest CCM2 river segment. The product of measured concentration and simulated water flow finally yielded one estimate of load at each point and for each sampling date.
In principle, load estimates for different dates at a given location should be averaged into one estimate. However, due to the spatial and temporal heterogeneity of the IPCheM data and the different abundance of samples for different substances, it was decided to consider all estimates of loads as part of a single statistical population in further analyses. The product of observed concentration of a chemical and river water discharge estimated as described above is referred to hereinafter as "observed load", implying the uncertainty on water discharge to be unimportant for the objectives of this study. A supporting information document (SI) provides additional elements to appreciate the impact of hydrological uncertainty on the results.
It must be stressed that, in this exercise, we refer exclusively to the dissolved phase concentration of contaminants and, consequently, emissions and concentrations that we model are those in dissolved phase. Modelling concentrations in particulate phase would require knowing the concentration of suspended solids at all samples, which is not the case. For substances primarily in dissolved phase, this does not represent a significant limitation. Substances that tend to partition to solids generally undergo much more complex environmental fate and transport. For these, modelling the dissolved phase can be seen as an initial step to be complemented by further analysis.
We computed a best-fit linear model of a set of observed loads using the weighted least squares (WLS) method (e.g. Strutz, 2016) using one load proxy at a time as the explanatory variable. Weights were computed as the square root of the "observed" load. The best-fit linear model uncertainty was estimated through a bootstrap resampling procedure iterated 1000 times for each substance. We identify the load proxy best representing observed loads using the criterion of minimizing, in the intercept/explained variance (R 2 ) space, the normalized Euclidean distance from the ideal point (R 2 = 100%, intercept = 0).
The slope of the linear model corresponding to the load proxy closest to the ideal point identified for each chemical is taken as an estimate of the emission factor, while the intercept is ignored.
In the above procedure, we implicitly assume that observed loads reflect only diffuse emissions, i.e. those associated to a given emission pattern, while in reality point emissions may be locally relevant. The E-PRTR inventory contains data on point emissions from industrial installations for 29 of the 36 chemicals studied here (excluding 7 chemicals, namely Bifenox, Cypermethrin, Dichlorvos, Dicofol, Hexachlorocyclohexane, Quinoxyfen and Terbutryn). These emissions may be used to compute the corresponding load for each chemical as:
where P J (ξ, η) is the emission of the J-th chemical from point sources at point (ξ, η) reported in E-PRTR.
If the observed loads used to estimate the emission factors are significantly affected by these point source emissions, we may expect that the estimates of the diffuse emission factors can be consequently distorted. In order to appreciate the impact of the E-PRTR point sources, we compute the ratios of point loads (Eq. 4) to diffuse loads (Eq. 2) for all chemicals, and we use as indicators of impact the maximum of point source contribution to total loads among all substances (Z), and the number of substances with a contribution to the total higher than 25% (W), i.e.:
where N is the number of chemicals, and function B(−) is 0 if the argument is false, and 1 otherwise. High values of indicators Z and W at the sites of observed concentrations would suggest the need to correct observations for the effect of point source emissions. 
Verification of the emission inventories
The best load proxy selected for each chemical defines, in principle, its diffuse emission pattern, the corresponding emission factor and DT50, and enables computing diffuse emissions (Eq. 1) as well as chemical concentrations at each point in the stream network:
where Q(x,y) is river water flow. Assuming loads to be stationary in time, concentrations change in time with water flow, typically showing seasonal as well as event-to-event variability. In order to obtain a representative value of concentration, we limit our analysis here to concentrations obtained using annual average water flow for Q(x,y). Annual average flow is estimated with the popular Budyko equation (Budyko, 1974) , which shows being always very close to the average of the LISFLOOD daily simulated discharges used to derive "observed loads" (see SI for additional details). Concentrations computed in this way can be then compared with independently measured concentrations.
As our estimates assume uniform emission factors across Europe, a comparison cannot be made with observations pointwise, but only in terms of frequency distributions.
For the sake of model verification, we use more recent data added to IPCheM during the development of the work, relating to a sampling period from 2009 to 2014, totalling 1,976,035 records and 6532 sampling stations in 25 EU countries (excluding Spain, Hungary, Romania) of which 3147 with geographic coordinates available. This dataset has a relatively small number of stations in common with the dataset used for the estimation of emission factors, and no overlap in time (see additional details in the SI). Hence it can be safely regarded as independent.
The maps of estimated concentrations can be also compared with the spatial distribution of the cases of exceedance of EQS for each chemical, as reported by EU Member States in the second round of their River Basin Management Plans (EEA, 2018). We draw a comparison following the "prediction rate" approach (Chung and Fabbri, 2003) : first we sort all sub-basins in CCM2 by decreasing estimated concentration, and then we compute the cumulative percentage of reported exceedances of EQS for each PS, along the sorted list of sub-basins. The plot of the cumulative number of exceedances as a function of the frequency of exceedance of the corresponding concentration (the "prediction rate") should lay above the 45°(1:1) line if concentration is a better predictor of exceedances than a random extraction, and the better concentration is a predictor, the closer the curve to the y axis. This plot can be regarded as a "receiver-operator characteristic" (ROC) curve, or plot of true positive rate versus false positive rate (Swets, 1988; Fawcett, 2006) . ROC curves can be also built with the same logics for observed concentrations, limiting the calculation of cumulates to exceedances reported only in sub-basins with an observed value of concentration. Consequently, in this case the number of reported exceedances that are considered is typically much smaller and may be zero (i.e. there are no observations in any sub-basin with reported exceedance), which results in no curve to be possibly drawn, and generally in less smooth ROC curves. Table 2 summarizes the emission factor estimated for each chemical. The DT50 corresponding to the best performing linear model in the R 2 / intercept space, for the assumed emission pattern, is indicated in the table as "modelled DT50". In the SI, we report the plots of explained variance and intercept of the various load proxies for each of the 36 substances considered here. Moreover, for each chemical we report the emission factors for the different values of DT50 assuming agricultural land and population as emission patterns. Table 2 shows the best-performing emission patterns for each chemical, as well as an indication of the corresponding explained variances (R 2 ). In some cases, the assumed emission pattern does not yield the best performing proxy, and one or more of the other emission patterns considered (besides agriculture and population, collected population and livestock) may perform better; moreover, catchment area is the best descriptor in 10 cases out of 36, suggesting a spatially uniform emission. This may be due to a higher complexity of emission sources, including atmospheric long-range transport especially for the most persistent chemicals, to some extent overriding emissions from population or agriculture in the upstream catchment area.
Results and discussion
Emissions and loads
The "modelled DT50" were also compared with a range of DT50 reported in the literature (see Table 2 ) in order to check that they retained a physical meaning. Reported DT50 values are inherently uncertain, because they stem from experiments, or from the calibration of models, which may be difficult to generalize; in any case they should be regarded merely as broad indications. For this reason, we expect our values of DT50 to match the range of reported values only by order of magnitude. In the case of Cadmium and Hexachlorobenzene, the assumption of an emission pattern is problematic, because a priori they may be equally associated to population and agriculture. Due to the higher explained variance of observed loads by the latter with respect to the former, we have assumed these chemicals to follow agriculture. However, particularly in the case of Hexachlorobenzene, the difference in explained variance is very small.
For six out of the 36 chemicals (Benzene, Bifenox, Dichlorvos, Dicofol, Heptachlor and Simazine) the DT50 identified by the statistical optimization procedure was excessively distant from reported values. Other substances feature "modelled DT50" which are borderline with respect to the reported range, and must be regarded with attention. It should be noted that the values of DT50 indicated in Table 2 represent the optimal values in a statistical sense, but often retain little physical meaning and should not be interpreted as an estimate of a "real" halflife. Indeed, when the DT50 is unrealistically low or high, often a model with a more realistic DT50 yields a model performance only slightly inferior to the optimal "modelled DT50", fully justifying the selection of a DT50 different from the modelled one on the basis of expert judgment.
Finally, Table 2 displays the emission factor computed with the assumed emission pattern and the selected DT50. This is in general the "modelled DT50", except for the 6 substances mentioned above. In these cases, a DT50 deemed more realistic was assigned ad hoc, after checking that the variance explained by the load proxies did not deteriorate significantly. Although other emission patterns may perform better in some cases, we only use population or agricultural land as initially assumed (based on the expected use of each chemical in agriculture, or in other human activities), because of their simplicity, robustness and ease of interpretation; this is acceptable considering that their performance is always reasonably close to that of the best performing emission patterns in each case.
Emission patterns (agriculture or population), emission factors and DT50 values in Table 2 enable computing diffuse emissions and corresponding loads. These can be compared with point source emissions and loads using Eq. 4 (see Table 3 ). In the SI, we show that indicators Z and W (Eq. 5) are usually low, particularly at the sites of observed loads. Consequently, the diffuse emission factors estimated above are expected not to be distorted by the influence of point sources. Therefore, although the contribution of point source emissions may be very significant locally, the frequency distribution of overall concentrations estimated across the EU is expected to be well approximated by the frequency distribution of concentrations stemming from diffuse sources only.
Following the European guidance document on emission inventories (EC, 2012), we present emissions aggregated at river basin district subunit level. The sum of the emission pattern (population or agricultural land) within each mapping unit, times the corresponding emission factor yield diffuse emissions. Point sources, on the contrary, are specific to each substance. Fig. 1 shows diffuse emissions by river basin district (RBD), while point source emissions are provided in the SI as a percentage of total emissions by RBD, for the 29 substances covered in E-PRTR. Contributions from point sources may be very important in certain RBDs, but generally remain below one third of total emissions; moreover, when contributions are high they are generally concentrated in a limited number of RBDs across Europe (see Table 3 ). Loads and concentrations due to diffuse sources can be estimated with Eq. 2 and Eq. 6 on the basis of the emission patterns and dissipation half-lives, emission factors being uniform scaling constants across Europe. Therefore, substances being described by the same emission pattern and half-life have the same load and concentration distributions except for the scaling constant. Example maps of computed diffuse concentrations are shown in Fig. 2 , representing two groups of substances having the same emission pattern and DT50. The maps for the remaining substances are provided in the SI. Contrary to diffuse emissions, point source emissions represented by E-PRTR facility discharges of chemicals generate loads and concentrations which differ from substance to substance and depend strictly on the location of emitting facilities. An overview of the spatial distribution of river stretches significantly affected by point sources is given by the indicator Z of Eq. 5 presented in the SI.
The calculation of loads is particularly informative when focusing on loads conveyed through the stream network to the European regional seas. Diffuse sources represented by emission factors and DT50 of Table 2 , combined with point sources from E-PRTR, yield for most substances loads in the range of a few tonnes per year, with only certain substances exceeding the levels of 100 tonnes per year ( Fig. 3 and SI) .
Model verification
In order to verify the representativeness of computed concentrations with regard to the monitoring data used to estimate emission factors, we plotted the EU median, 10th and 90th percentiles computed on the population of observed (post-2009) and estimated concentrations for each of the 36 substances (Fig. 4) . The percentiles of estimated concentrations are evaluated considering only the stream segments in the same range of drainage area as those with observations available. Overall, the model interprets observations reasonably well, with discrepancies within a factor of 10 except for the 10th percentile of a few substances. Unlike for medians and 90th percentiles, 10th percentiles also show a tendency to underestimation by the model. Table 4 summarizes the prediction rate (percentage of reported EQS exceedances falling in the X % of rivers with highest concentration, with X = 10, 20, 50) of model-predicted concentrations for the 27 substances for which exceedances of EQS are reported in the EU. In the same table, prediction rates of observed concentrations from pre-and post-2009 monitoring sites are also reported. The full ROC curves for all substances, from which the prediction rates are estimated, are provided in the SI. Although, conceptually, the concentrations predicted by the model are annual averages and should be consistently compared with exceedances of annual average (AA) EQS, we conduct a comparison with exceedances of maximum admissible concentration (MAC) EQS as well. Most ROC curves appear to be clearly above the 1:1 line, hence show some capacity to predict reported exceedances. Chemicals with very weak model prediction both on AA and on MAC exceedances include Chlorfenvinphos, Diuron, Isoproturon, Pentachlorobenzene and Pentachlorophenol. Weak prediction is shown in the case of Chlorpyrifos, DEHP, and Hexachlorocyclohexane. Mercury is the only chemical for which, while the prediction of MAC exceedances is very weak, the prediction of AA exceedances is inverted (ROC curve below the 1:1 line), indicating that the model systematically predicts lower concentrations at sites with reported exceedances. For Cadmium and Hexachlorobenzene, the ROC curves obtained assuming population as an emission pattern (not shown here) would perform significantly better than those (shown in the SI) assuming emissions to follow agriculture. This further confirms that, for these two priority substances, the attribution to one of the two patterns is problematic.
All other substances show a ROC curve fairly above the 1:1 line for both AA and MAC exceedances, and in some cases (Alachlor, Nonylphenols and Simazine) even rather good predictions. The prediction performance does not seem to be related to the explained variance, nor to the identification of the emission pattern of the model. Comparison of Table 2 and Table 4 shows that relatively good predictions are obtained with relatively poor model's explained variance and vice versa, and irrespective of whether the assumed emission pattern is the best performing one. When inspecting the prediction rates based on monitoring data, both pre-and post-2009, it also appears that the prediction rate of observed concentrations with reported exceedances may be very weak or weak, comparably with modelled concentrations. This indicates that reported exceedances tend sometimes to occur at sites with relatively low observed concentrations, while there are less than expected reported exceedances at sites with higher observed concentrations, suggesting a need for an in-depth consistency check of reported exceedances and monitoring data.
Conclusions
We have used a set of monitoring stations from before year 2009 to identify emission patterns and dissipation half-lives, and to calibrate diffuse emission factors of WFD priority substances. Half-lives and emission factors were assumed to be uniform across Europe, corresponding to the case that use and discharge to the environment of these chemicals are similar in all EU countries. This enabled modelling a spatial distribution of concentrations, of which the frequency distribution is in agreement with similar, but independent monitoring data recorded from year 2009 onwards, within one order of magnitude: while the model's capacity to describe chemical pollution at a point is forcefully limited, it generally reconciles emissions with observed concentrations. Concentrations modelled assuming uniform emission factors and simple patterns (population and agriculture) also reasonably predict reported EQS exceedances for some chemicals. In other cases, predictions were on the contrary weak to very weak. However, also observed concentrations at monitoring sites highlighted very weak or weak predictions for certain substances. This suggests that the available monitoring data and reported EQS exceedances are not necessarily consistent. Indeed, reported exceedances refer to a period posterior to that of the monitoring, and arguably reflect a partly changing situation. Assuming uniform use and environmental discharge of priority substances across Europe may also be inappropriate. However, a comparison of predicted and observed concentrations in each EU Member State does not highlight clear patterns suggesting other drivers of emissions, such as climate or socioeconomic trends, to play a role across the EU (in this regard, the SI provides further details on the model errors found in different countries). Hence the variability of concentrations arguably owes more to the inherent variability of chemical emissions within any EU river basin than to apparent regional differences in chemical use.
Despite the limitations discussed above, the simple model of Eq. 2 and Eq. 4, with a uniform emission factor across Europe and assuming population or agriculture alone as diffuse emission pattern for a chemical substance, retains some usefulness for a first representation of emissions, concentrations and loads, and can be used to derive a consistent picture of chemical pollution, seeming to follow relatively simple drivers such as population and agriculture when examined at the European scale.
All in all, this exercise leads to a first pan-European inventory of emissions from both point and diffuse sources, enabling to appraise the relative importance of the two sources. The relatively minor Fig. 4 . Scatter plot of EU concentrations medians for the 36 PS, considering only sub-basins with emission patterns and discharge values in the range of those in the sampling sites. 
Table 4
Prediction rates of reported EQS exceedances by modelled concentrations for 27 of the 36 substances, for which EQS exceedances are reported by Member States. For each priority substance, we show the share of total exceedances of both maximum acceptable concentration (MAC) and annual average (AA) EQS, falling within the 10%, 20% and 50% of highest concentration among EU rivers. For chemicals with IPChem samples available in the rivers with exceedances, we also show the share of exceedances corresponding to the highest 10%, 20% and 50% of measured concentrations. The table includes a qualitative judgment of the model prediction rate performance (H = high, L = low, M = medium, M/H, M/L is for intermediate performance). contribution of point sources to observed concentrations, outside of hot spots near emissions, suggests that priority substances may come from widespread use (also back in the past, for phased-out but environmentally persistent chemicals, see Table 1 ). Therefore their management may be impossible at the river basin level alone, calling for a broader approach starting from the authorization phase of chemicals. The emission inventories presented here were compared with existing emission inventories prepared by European Union Member States, as shown in the SI. The comparison highlighted a fair consistency of ours and the Member States' estimates, but also discrepancies whose reasons deserve a more in-depth and case-by-case discussion (see SI). All in all, our emission inventories must be regarded as a starting point. They must be improved using better monitoring data to unveil the variability and peculiarity of pollution sources, forcefully compressed and concealed under the crude assumptions made in this work. Achieving higher accuracy and specificity entails a better understanding of the emission patterns, and arguably requires much more extensive and accurate measurements of loads to appreciate their spatial and temporal variability, as well as their dependence on regionally varying drivers (such as the level of wastewater treatment, reported substance use etc.) across the European Union.
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